Abstract-Traffic management on road networks is an emerging research field in control engineering due to the strong demand to alleviate traffic congestion in urban areas. Interaction among vehicles frequently causes congestion as well as bottlenecks in road capacity. In dense traffic, waves of traffic density propagate backward as drivers try to keep safe distances through frequent acceleration and deceleration. This paper presents a vehicle driving system in a model predictive control framework that effectively improves traffic flow. The vehicle driving system regulates safe intervehicle distance under the bounded driving torque condition by predicting the preceding traffic. It also focuses on alleviating the effect of braking on the vehicles that follow, which helps jamming waves attenuate to in the traffic. The proposed vehicle driving system has been evaluated through numerical simulation in dense traffic.
hicles successively enter into the road network. This type of jam can be alleviated either by restricting the number of vehicles in the congested area or by increasing the road capacity.
Traffic congestion may also occur due to complex interactions among vehicles and due to the influences of some incidents that disturb the traffic flow in medium to high traffic density [1] . In other words, such congestion depends on how the drivers follow other vehicles in dense traffic. Aggressive drivers, who drive very quickly with high acceleration in short distances, or slow drivers often disturb traffic flow. Such disturbances in dense traffic originate density waves that propagate backward by increasing the magnitude and that ultimately form shock waves or traffic breakdown. Traffic jams that appear in the absence of bottlenecks or with no apparent reasons are termed as "phantom traffic jams" in [2] and they are experimentally observed in [3] . Often, this type of traffic jam contain self-sustaining traffic density waves, which are termed as "Jamitons" in [4] . It is expected that the occurrence of such traffic jams due to poor ad hoc driving can be prevented or at least alleviated by proper control of vehicles and coordination of traffic.
Some studies show that the occurrence of such shock waves or traffic breakdown can be prevented by imposing a speed limit [5] . A model predictive control (MPC) approach was presented to optimally adjust variable speed limits for freeway traffic, with the aim of suppressing shock waves [6] . By efficiently maneuvering vehicles, traffic flow can be improved. An adaptive cruise control (ACC) system in a car automatically detects its leading vehicle and adjusts the headway (intervehicle distance) by using both the throttle and the brake. Conventional ACC systems offer better comfort and safety in favorable driving situations [7] , but they are not suitable in congested traffic conditions due to their response delay. An ACC system with negligible response time can be effective in improving traffic flow. It was demonstrated that, if 25% of vehicles in highway traffic were equipped with ACC systems, congestion would be completely avoided [8] .
Some advanced ACC systems, such as the cooperative ACC (CACC), receive the driving information from the preceding vehicle (PV) through a communication network with very little time delay and have a much shorter response time than human drivers [8] , [9] . A quick responding ability makes the CACC string stable, i.e., any disturbances, braking effects, or congestion-forming phenomena are attenuated over time [10] , [11] . In addition, CACC systems can safely drive vehicles with very short headway by forming a platoon that also increases the traffic capacity of the road network.
Most ACC systems use the information of the immediate PV and generate control action without anticipating future traffic situations. In contrast, human drivers perceive the traffic situation with several vehicles ahead and are often able to take anticipated driving action in advance. An advanced ACC system that uses the information of several vehicles in the surrounding traffic and that adopts sophisticated predictive control is expected to be more efficient. The connected vehicles environment would make it possible to realize such vehicle control systems. The connected vehicles environment provides a two-way wireless communication environment that enables vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communications [12], [13] . In the connected vehicles environment, precise information of the local traffic can be easily obtained with negligible delay and accurate prediction of the local traffic flow can be performed.
Recently, we have presented a vehicle control framework to drive a vehicle efficiently [14] . In this framework, a single vehicle, which is called the host vehicle, is driven by predicting its few PVs using the MPC. Therefore, it differs from the conventional CACCs in the sense that they control multiple vehicles in a platoon without any prediction of their future situations. The main point of the framework is to only regulate the host vehicle by adjusting its safe headway without an aggressive control action. It was found that the host vehicle avoided aggressive braking and large speed drops in spite of the jamming waves in the preceding traffic. Although the dynamics of the following vehicles (FVs) were not considered in determining the control action, the predictive control that was applied to the host vehicle also improved the behavior of other vehicles in the following traffic when information from a sufficiently large number of PVs is obtained (see [14] for further details). Consequently, it is understood that considering the dynamic behavior of the FV in the hostvehicle control framework may smooth the traffic flow more effectively.
By enhancing the vehicle control framework, in this paper, a smart-driving system using the MPC is proposed, which focuses on more effectively smoothing the traffic flow by controlling a vehicle. Here, human-driven traffic is assumed to be imitated by a microscopic traffic-flow model known as the optimal velocity model (OVM) [15] . The OVM is used for both predicting the traffic in the MPC framework and evaluating the effectiveness of the proposed smart-driving system through numerical simulation. In this formulation, the dynamic behavior of the FV is included in the host-vehicle control model. Such inclusion is natural and helpful in avoiding sudden braking in the FV or avoiding a rear-end collision when it follows the host vehicle closely, although the FV is driven independently. The control framework explicitly considers the dynamics of a few PVs and predicts the future trajectory of the immediate PV. Using the predicted trajectories of the PV, at each short time interval the smart-driving system computes the control input for the host vehicle using the MPC and regulates its safe headway. The performance index of the MPC includes the costs of acceleration in both the host and the FVs, which enables the smart-driving system to control the host vehicle such that the accelerations of both vehicles are sufficiently gentle.
Consequently, any waves of traffic density are effectively attenuated in the following traffic.
The performance of the proposed control framework is evaluated on uniformly distributed dense traffic through numerical simulation. For simplicity, in this paper, the computed optimal control input (in the context of the MPC) is directly fed to drive the host vehicle, assuming that the advanced ACC system requests the torque, and the engine exactly follows it without any delay. It is found that the host vehicle that is controlled by the smart-driving system significantly reduces the velocity fluctuations and the FVs also benefit as their flowing behavior is improved significantly.
The rest of this paper is organized as follows. Section II describes a traffic-flow model and the formation of jamming waves at high traffic density. The vehicle control framework, along with the problem formulation, assumptions, prediction models, and an algorithm using nonlinear MPC, is presented in Section III. Section IV describes the simulation setting and results. Section V discusses some aspects of the proposed system. Finally, Section VI concludes this paper. In addition, a brief overview of the continuation and generalized minimal residual method used for solving the MPC problem is described in the Appendix.
II. PROPAGATION OF JAMMING WAVES
Research related to the modeling behavior of human-driven vehicular traffic and traffic congestion in various conceptual frameworks has a long track record [1] , [16] . For later convenience, a microscopic traffic-flow model is briefly described in this section, which is followed by an illustration of how jamming waves evolve on a straight road without any physical obstructions. Specifically, the OVM is chosen in this paper for its computational simplicity as a microscopic traffic-flow model. The OVM simply represents human driving behavior by a differential equation with a few parameters, and it describes many properties of real traffic flow [15] . The OVM is formulated based on the presumption that a car is driven to reach a velocity depending on the headway in a short interval of time and this velocity is conventionally called the optimal velocity. The expression of the acceleration of a vehicle in the OVM is given byẍ
where n is the index number of the vehicle, x n is its position, Δx n = x n−1 − x n is the headway (the range clearance from the PV n − 1), V op (Δx n ) denotes the optimal velocity as a function of the headway defined by (3), and κ is the sensitivity. The sensitivity is the inverse of the delay time that is required to reach the optimal velocity. The stability of the OVM was studied for both the periodic [1] , [15] and open boundary conditions [17] of a traffic flow. These studies revealed that the traffic flow that is represented by the OVM is locally string stable, depending on the density of the traffic. If the traffic density is higher than the critical traffic density, the traffic flow may become unstable due to fluctuations in any vehicle. The critical headway h that is associated with the critical traffic density is related by the neutral stability condition
where V op (h) is the derivative of optimal velocity V op (Δx) at Δx = h. Under the condition that V op (h) > κ/2, small disturbances (fluctuation or deviation from the uniform steady flow) in any vehicle amplify in time and propagate over the FVs; uniform traffic changes into a different dynamical state, and the vehicle string becomes unstable. On the other hand, for V op (h) ≤ κ/2, any small disturbance decays in time and the vehicle string remains stable. This string-stability condition is valid for any optimal velocity function V op (·) [1] . Various representations of V op (·) using a hyperbolic tangent function have been proposed [15] , [18] [19] [20] . In this paper, for the purpose of using (1), the velocity function proposed by Helbing and Tilch [18] is chosen, which has the form
where l c is the minimum allowable distance from the PV, including its length at zero velocity. In [18] , the parameters of (1) and (3) are approximated through the calibration of the OVM with respect to the empirical follow-the-leader data for city traffic with a limited maximum velocity, which are
, and C 2 = 1.57. With these parameters of the optimal velocity function, a critical headway of h 24.85 m is obtained from (2) , which corresponds to a critical traffic density of approximately 40.25 vehicles per kilometer (veh/km). Fig. 1 illustrates the phenomena that correspond to the dynamic evolution of traffic density waves in dense human-driven vehicular traffic. This simulation is conducted using identical vehicles that are driven according to (1) and (3) new vehicle from another lane or an external road suddenly enters into the traffic in between vehicles Veh #0 and Veh #1. Therefore, the headway of the first vehicle (Veh #1) largely shrinks and, consequently, its velocity is reduced to safely accommodate the new vehicle in the traffic. Vehicle Veh #0 remains unaffected by the new vehicle and continues cruising at its initial velocity. The first vehicle almost reclaims its steady velocity in the next 13 s and continues running steadily.
However, the fluctuation of the headway or velocity increases in the second vehicle, and it propagates backward by increasing the magnitude and the duration. Such transitory fluctuations of the headway in the successive vehicles create a density wave in the traffic, which is shown in Fig. 1 and is henceforth referred to as a jamming wave in this paper. The curves in Fig. 1(a) represent the relative positions of the vehicles to Veh #0. The gap between two consecutive curves represents the corresponding headway. At t = 0 s and at around t = 100 s, these vehicles are distributed in 2.38 km on the road, with an average density of 37.38 veh/km. However, due to the propagation of the jamming wave at about t = 195 s, these vehicles occupy a space of about 2.67 km on the road.
The corresponding velocities of some selected vehicles are shown in Fig. 1(b) . The 30th vehicle and the others behind it have to come to a complete stop for a while to keep their clearances safe due to the influence of the jamming waves. The 90th vehicle is affected by the jamming wave for the duration of t = 197 s to t = 559 s (the curve for t > 400 s is not shown in the graph) and it has to completely stop for about 19 s.
At the initial operating point Δx = 26.75 m, the vehicles were string stable according to condition (2), since V op (26.75) = 0.284, which is much less than κ/2 = 0.425. However, a large deviation that is due to the new vehicle causes a drop in the headway of some local vehicles, and they seem to fall under the condition that V op (h) > κ/2 and become unstable. A close look at the jamming wave in Fig. 1 hints at the way of avoiding such fluctuations technically. For example, at about t = 100 s, if the 60th vehicle measures the velocities and positions of its PVs (from the 1st to 59th vehicles), it can easily anticipate how the immediately preceding (59th) vehicle is going to behave (fluctuates its velocity) for t > 100 s. The 60th vehicle can avoid the harsh impact of the jamming wave by predicting its PVs and FVs and by taking appropriate control action a few seconds earlier. If a vehicle can reduce the usage of the accelerator and the brake, its fuel consumption, emission, and driving comfort will be improved and, consequently, the following traffic will benefit. With this motivation, the following section describes a smart-driving system using the MPC.
III. SMART-DRIVING SYSTEM
The development of a smart-driving system in an MPC framework is described in this section. The MPC is only installed in a vehicle called the host vehicle, which computes its optimal control input by predicting the future trajectories of its PVs and FVs. Here, it is assumed that the other vehicles are driven according to the OVM by imitating human driving behavior. This implies that the OVM is used to predict the human-driven traffic in the MPC framework. It is also assumed that a local feedback control system that determines and applies the actual engine torque to realize the desired acceleration considering vehicle-engine dynamics is installed in the vehicle. The velocity of a vehicle is only determined by the state of its immediate PV, and the vehicles behind the host vehicle have no influence on its resulted velocity. However, to avoid any negative influence on the traffic behind the host vehicle, it is also necessary to consider the state of the FV in deciding the control action of the host vehicle. Therefore, the dynamics of a few PVs and an FV is included in designing a smart-driving system for the host vehicle. The control purpose is to only regulate the host vehicle by safely adjusting its headway in such a way that both the host and the FVs can flow without aggressive braking and large drops in their velocity. For simplicity, the host vehicle that is controlled by the smart-driving system is henceforth called the smart vehicle in this paper. Fig. 2 shows an image of the smart-vehicle control problem considering its immediate FV F 1 and the N PVs P 1 , . . . , P N in the traffic. As shown by the blocks in the figure, the dynamics of the vehicles is described in two parts. The first part is the controlled plant for driving the smart vehicle, and the other part is for predicting the trajectories of the PVs.
A. Problem Formulation
In the smart-vehicle controller, the state vector consisting of the current position x f 1 and velocity v f 1 of the immediate FV, and the current position x h and velocity v h of the smart vehicle, which is denoted by
T , is available. The control input of the smart vehicle u h represents its acceleration, which is assumed to be bounded by the inequality constraint
The dynamics of the vehicles can be expressed aṡ
where the acceleration function g(·, ·, ·) of the immediate FV is supposed to be given by the OVM in (1) as
To keep the safe headway of the smart vehicle, it is necessary to consider the position of its immediate PV x p 1 in computing control input u h . However, the trajectory of x p 1 can be only predicted if the dynamics of vehicles P 1 -P N is known, which is described in the following. The positions and velocities of these PVs are represented by vector z = [x p 1 , v p 1 , . . . , x p N , v p N ] . We consider that their dynamics is given by the OVM, i.e.,
. . .
where parameter r = a p N denotes the acceleration of the N th PV. The value of a p N cannot be estimated using (6) since Δx p N is assumed to be unknown. Therefore, a p N (t) is estimated at real time t, and for τ > t, it is obtained as
where the parameters γ 1 and γ 2 of the sigmoidal functions in (8) define an approximate range of velocities. Equation (8) states
is within that range from γ 1 to γ 2 ; otherwise, a p N (τ ) ≈ 0, and β 1 and β 2 express the sharpness of the sigmoidal functions. This implies that the acceleration of the N th PV approaches zero when the vehicle reaches a maximum velocity or completely stops, and the vehicle never moves backward. For the implementation of the smart-driving system, it is necessary to measure the velocities and positions of the N PVs and the FV, and in addition, the acceleration of the N th PV. Collecting information from the PVs at real time t is an important issue for realizing the proposed smart-driving system. It is assumed that the information from the sensory systems of the other vehicles is available precisely through V2V communications based on wireless technology with negligible delay. It is also assumed that the control input can be directly fed to the smart vehicle using an advanced ACC system that can operate in stop-and-go traffic without any response delay. Therefore, with the aforementioned technological and operational assumptions, it can be stated that the smart-driving system that is developed here is feasible.
B. MPC
In defining a cost function, it is also necessary to take into account the collision avoidance between the smart vehicle and its PV by assigning appropriate separation. A common way to define the desired headway S d (t) at time t with velocity v h (t) is
where S 0 is the minimum separation between the vehicles and t hd is the time headway for safe car following. Time headway defines the number of seconds that is required by a vehicle to reach the current position of its PV. In this paper, the aforementioned preference of maintaining a velocitydependent safe distance is taken into account in the form of a soft constraint, which is described in the setting of the performance index in the following. The inequality constraint (4) that relates the amplitude of the control input is converted into an equivalent equality constraint by introducing a dummy input u d as
where control vector u is defined as
Subject to the dynamics of the vehicles [see (5) ] and constraint (10), the optimal control problem, i.e.,
is solved for u(t) at time t with the current state x(t) used as the initial state, where q = x p 1 is the time-varying parameter denoting the trajectory of the vehicle P 1 , and T is the horizon over which the optimal control inputs are determined. The cost function, i.e.,
is chosen in this paper to have four terms, where V d is the desired velocity; w v , w u , and w f are the constant weights;
) is the separation error or the deviation from the desired headway; and w s (t) is the time-varying weight. The first term in (12) is used to represent the cost of the deviation of the smart vehicle from its desired velocity and the second term represents the cost of its acceleration. Minimizing these two cost terms leads to the steady driving of the smart vehicle. The third term represents the cost of acceleration in the FV. The last term is related to the aforementioned soft constraint for the safe driving of the smart vehicle and represents the cost that is due to a shorter distance of the smart vehicle than the desired one with respect to the immediate PV. Weighting function w s (t) provides a large penalty when it is very close to the PV and a negligible penalty when it is far away from the PV, which is defined as where t h (t) = (x p1 (t) − x h (t) − S 0 )/(v h (t) + α) is the timeheadway, where a small constant α is added to avoid singularity at v h = 0.
In the implementation of the MPC with a given horizon, the optimal control problem formulated earlier is discretized. At each discrete time step, the control inputs u h of the smart vehicle for the entire horizon are computed by solving the optimal control problem that is expressed by the given dynamics, the constraint, and the performance index. However, only the immediate control input is applied to drive the smart vehicle. The whole process is repeated throughout the driving course. Repeating the whole process and renewing the control input at each sampling time are necessary to overcome the influences of varying traffic and unmodeled disturbances in reality. In this paper, the continuation and generalized minimum residual (C/GMRES) method is used to compute the solution of the given predictive vehicle control problem [22] . Since the C/GMRES method does not require iterative searches, it is much faster than any other iterative method. The work in [23] has shown that the computation time of the C/GMRES method for solving an optimal vehicle control problem is less than 10 ms; therefore, this method is very suitable for a real-time vehicle control system. A brief overview of the implementation approach of the proposed MPC is described in the Appendix.
IV. NUMERICAL SIMULATION
The numerical simulation of the proposed vehicle driving system has been conducted by choosing an arbitrary vehicle as the smart vehicle from the traffic. The purposes of simulation are to evaluate the following aspects: 1) the improvement in the driving behavior of both the smart vehicle and the FVs; 2) the attenuation of jamming waves from the following traffic; 3) the prediction accuracy and performance with respect to the number of PVs considered in the smart-driving system; and 4) the justification of including the dynamics of the FV in determining the control input of the smart vehicle. The driving and controlling preferences are set as u max = 3.75 m/s 2 , t hd = 1. The proposed smart-driving system is evaluated in this section for the traffic-flow conditions illustrated in Fig. 1 . Specifically, all vehicles flow in the same way according to the OVM, except the 16th vehicle. The 16th vehicle is selected as the smart vehicle and is driven by using the proposed control system from the beginning. At first, the smart vehicle is controlled by predicting its N = 4 PVs. Fig. 3(a) shows the relative positions of the vehicles in the traffic. As soon as the system recognizes deceleration in vehicle P 4 (Veh#12), by predicting the states of its PV P 1 (Veh#15), it immediately starts adjusting the velocity of the smart vehicle and increases the headway before facing the jamming wave. Fig. 3(b) shows the corresponding velocities of selected vehicles in the traffic. The dotted curves in the velocity graphs show the corresponding values previously observed without employing the proposed control system in any vehicle. The smart vehicle (Veh#16) starts dropping its velocity a little earlier than the PV (Veh#15). Therefore, in this way, it avoids an abrupt change in velocity due to the jamming wave that is caused by the appearance of a new vehicle in the preceding traffic. Consequently, the flow of its FV (Veh#17) also improves significantly. It seems that the reduction of fluctuation is not enough to keep the following traffic in the string-stable region. Although the proposed control of the smart vehicle fails to completely eliminate the jamming wave, it delays the propagation of the jamming wave and some of the FVs benefit from it.
The performance of the system can be further improved if more vehicles are used in the model to predict the jamming waves in the preceding traffic. Fig. 4 shows the results that correspond to the case of N = 8 PVs. In this case, the system recognizes any changes in the P 8 vehicle (Veh#8) and predicts its consequences earlier than the case of N = 4. Early recognition of a jamming wave enables the smart vehicle to take more cautious action in advance. In this case, the jamming wave is almost eliminated from the following traffic, as shown in Fig. 4 . This implies that the FVs remain in the string-stable region. The results justify that the larger the value of N is, the better accuracy in the prediction of the jamming wave is realized.
In the smart-driving system, although there is no control over the FV, its dynamics is also included in the vehicle control framework and the performance index includes a cost term that corresponds to the acceleration of the FV with weight w f . The results shown in Figs. 3 and 4 correspond to w f = 30. The necessity of considering the FVs in determining the control input of the smart vehicle is also investigated here. For the case with N = 8, the performance of the smart vehicle is evaluated by ignoring the cost of acceleration of the FV in the performance index by setting w f = 0. Fig. 5 shows the velocities of those vehicles in the traffic. The curves "WithFV" and "WithoutFV" represent the velocities that correspond to the cases with w f = 30 and w f = 0, respectively. In the case of w f = 0, only the minimization of the acceleration of the smart vehicle is considered, and this results in very little improvement of its velocity compared with the case of w f = 30. However, it slightly increases the velocity deviation in the FV. This deviation later propagates in the following traffic and the jamming wave evolves. In other words, the marginal role WithFV could pull back the local traffic into a stable region that eventually attenuates the waves. The results justify the proposed vehicle driving system that also considers the dynamics of the FV to improve the flow of the following traffic.
The proposed method is finally tested in a worse traffic-flow condition, in which density waves continuously propagate. The evolution of such periodical congestion is realized through a periodical perturbation in the first vehicle, which is similar to the numerical simulation in [21] . Fig. 6 shows the relative positions of vehicles in the traffic for the case of w f = 30 and w f = 0. Initially, all vehicles run according to the OVM. In this observation, parameters V 1 and V 2 are set at 8.0 and 8.67, respectively [20] . In period t < 200, the jamming waves evolve in the traffic due to the continuous periodical fluctuations in the first vehicle. Due to the jamming waves, these vehicles occupy about 2.47 km of the road, which corresponds to an average density of 36.4 veh/km. At t = 200 s only the 40th vehicle, which is chosen as the smart vehicle, is switched on to be driven by the proposed smart-driving system. Although its preceding traffic continuously oscillates, the smart vehicle attenuates the jamming waves mostly and keeps the velocity steadier than the preceding traffic, as shown in Fig. 6(a) . By its influence, in a similar fashion, the flow of all following traffic is also improved and all these vehicles require a space of 2.25 km on the road, which corresponds to the average density of 40.0 veh/km. On the other hand, Fig. 6(b) shows the case that controls the smart vehicle by ignoring the FV with w f = 0. In this case, the jamming waves are only partially attenuated and these vehicles require a space of 2.38 km on the road, which corresponds to an average density of 37.8 veh/km. These results justify the necessity of considering the FV in controlling the smart vehicle.
V. DISCUSSION
A smart-driving system has been developed to control only a single vehicle and it is evaluated in dense human-driven vehicular traffic containing jamming waves. The smart vehicle can perform well only when there is some freedom in adjusting its velocity, i.e., the traffic is dense but not fully congested. If the amplitude and duration of the jamming waves are large, the smart vehicle may be able to only attenuate them partially and they may evolve and propagate backward later. Multiple smart vehicles can be easily connected for cooperative driving and may eliminate jamming waves from the traffic more efficiently. Such an intensive study of multiple smart vehicles or a platoon is kept for future work. The proposed system is effective in attenuating any jamming wave at its initial stage or at least delay the occurrence of a shock wave and traffic breakdown.
Various traffic-flow models that represent human driving behavior have been studied in road transportation research. Each model has its merits and limitations. In this paper, we have used the OVM for a traffic-flow model as it simply describes traffic dynamics using a differential equation. The OVM describes various properties of traffic congestion, such as the fundamental diagram, the formation of shock waves, and traffic breakdown. As an example in this paper, the OVM is used to create virtual traffic to evaluate the performance of a vehicle with the proposed smart-driving system.
In reality, the actual car-following behavior is neither identical among vehicles nor known in advance by a controller. In this paper, as the first step of this development, the OVM with the same parameters for all the vehicles is used to predict the future behavior of every vehicle in the MPC framework and the smart-driving system is evaluated in the traffic containing vehicles with identical behavior. However, in the proposed framework, the behavior of vehicles that is predicted by g(·) in (5), (6) , and (7) can be flexibly replaced according to a supposed situation to be considered. In future work, the following two issues should be investigated before implementing the proposed smart-driving system: 1) the robustness of the smart-driving system against the diversity of behavior among vehicles in nonuniform traffic while using the same OVM in the MPC framework and 2) the possibility of performance improvement using the nonuniform OVM according to the behavior of individual vehicles in nonuniform traffic.
The framework includes the FV, along with a few PVs in the decision process. The inclusion of an FV or an additional PV may play a role in slightly attenuating any disturbance in the nearby traffic. Sometimes, such slight local improvement is sufficient to pull back the traffic into the stable region. However, the inclusion of the FV in the framework is more significant. It implies that the vehicle should not be braked hard in any circumstance that may cause rear-end collision with the FV. For example, a vehicle may need to change its velocity for some other reasons, e.g., for a stop on the roadside or turning at the intersection. Considering the FV in the control framework, the host vehicle can regulate its braking/deceleration rates without affecting the following traffic in such cases.
The proposed smart-driving system differs from the conventional ACC or CACC in terms of its action-taking mechanism. The ACC or the CACC takes a control decision based on the actual condition (acceleration, velocity, and position) of the PV. Therefore, if there is sudden acceleration in the PV, counter action can be only taken after detecting it. On the other hand, the smart-driving system predicts the acceleration of the PV before it happens by detecting and analyzing multiple vehicles in the preceding traffic.
Conventional sensing technology, such as an onboard camera, a laser, or other sensors, has limitations in precise detection and measurement of the state of vehicles beyond its immediate PV. V2V communication may provide the information of surrounding vehicles with high accuracy in a connected vehicles environment. Since V2V communication is an emerging technology that is currently under experimentation in intelligent transportation systems, the details of this technology are not addressed in this paper.
VI. CONCLUSION AND FUTURE WORK
A smart-driving system for a vehicle using the MPC has been proposed. By predicting any jamming wave in the preceding traffic, the optimal control input is determined through rigorous computation aiming at the smooth driving of a smart vehicle and minimizing the adverse effects on the human-driven FV while regulating a safe headway from the PV. The proposed system has been evaluated by numerical simulation in dense traffic that contains jamming waves. It is observed that the system alleviates congestion-forming phenomena from the traffic and improves the traffic flow by only controlling a single vehicle. Since the smart vehicle significantly attenuates the jamming waves, the flow of vehicles in the following traffic becomes smooth. Such smart driving of vehicles is believed to be very conducive in improving traffic flow, driving comfort, and energy consumption and emissions, and is thereby useful in developing sustainable road transportation systems.
It will be also one of our future works to enhance the proposed smart-driving system for the cooperative driving of multiple vehicles or a vehicle platoon for further improvement of traffic flow.
APPENDIX IMPLEMENTATION OF MPC
The implementation of the proposed MPC for vehicle driving requires fast computation to solve the optimal control problem. The C/GMRES method solves a nonlinear MPC problem very quickly since it does not require any iterative search. A brief overview of the method that is used to solve the MPC problem is described in this section. The details of the C/GMRES method, its error analysis, and the proof of the algorithm are described in the work in [22] .
The Hamiltonian function is formed using (5), (10) , and (12), as
where vector λ denotes the costate and ψ denotes the Lagrange multiplier that is associated with the constraint.
To numerically solve the optimal control problem, horizon T is discretized into M steps of size Δτ = T /M. The necessary conditions of the optimality are obtained in the form 
